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Abstract: The accelerating pace of research in neuroscience has created a considerable 
demand for neural interfacing microsystems capable of monitoring the activity of large 
groups of neurons. These emerging tools have revealed a tremendous potential for the 
advancement of knowledge in brain research and for the development of useful clinical 
applications. They can extract the relevant control signals directly from the brain enabling 
individuals with severe disabilities to communicate their intentions to other devices, like 
computers or various prostheses. Such microsystems are self-contained devices composed 
of a neural probe attached with an integrated circuit for extracting neural signals from 
multiple channels, and transferring the data outside the body. The greatest challenge facing 
development of such emerging devices into viable clinical systems involves addressing 
their small form factor and low-power consumption constraints, while providing superior 
resolution. In this paper, we survey the recent progress in the design and the 
implementation of multi-channel neural recording Microsystems, with particular emphasis 
on the design of recording and telemetry electronics. An overview of the numerous neural 
signal modalities is given and the existing microsystem topologies are covered. We present 
energy-efficient sensory circuits to retrieve weak signals from neural probes and we 
compare them. We cover data management and smart power scheduling approaches, and 
we review advances in low-power telemetry. Finally, we conclude by summarizing the 
remaining challenges and by highlighting the emerging trends in the field. 

Keywords: implantable microsystems; neural recording; brain-computer interfaces; 
sensory circuits; data management; power scheduling; low-power biotelemetry; 
multi-channel; inductive link; ultrawide-band 
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1. Introduction 

For several decades, researchers have elaborated various types of experimental setups for studying 
the central nervous system (CNS) at the cellular level. Sixty years ago, Hodgkin and Huxley [1] 
performed intracellular recordings using glass capillary electrodes filled with seawater to characterize 
the squid giant axon. Such experiments allowed the understanding and the precise modeling of the 
generation of action potentials by neurons. During the 50s and the 60s, single cell (single unit) 
recordings performed with extracellular metal microelectrodes by Mountcastle [2] and Hubel [3] led to 
fundamental discoveries about the structure and the organization of the cerebral cortex. Such 
recordings helped in establishing the columnar organization of the visual cortex and allowed the 
understanding of the importance of biopotentials in the transmission of information in the CNS. The 
research carried out by several neuroscientists in the 80s revealed the correlation between limb 
movement and neural activity in many motor areas of the cortex. Georgopoulos demonstrated that 
while single unit recordings correlate poorly with hand motion, the combined activity of several 
neurons conveys the precise direction of movement [4]. Such results have generated a great interest in 
the simultaneous recording of the activity of several individual neurons in the cortex, i.e., multi-unit 
recordings. Since then, the multi-unit approach has been extensively used in various neuroscience 
research applications [5]. The 90s have seen a sustained research effort directed towards extracting 
neural signals and using them to control various prosthetics devices. Experimentation with 
non-human primates allowed characterization of the simultaneous firing patterns of tens of cells 
associated with limb movements in a three dimensional space [6], and the subsequent use of this neural 
activity to move a cursor on a computer screen or control a robot arm [7]. The characterization of hand 
trajectory has also been investigated [8], and the potential of neural prosthetic devices for helping 
paralyzed humans has also been clearly demonstrated [9]. 

Nowadays, neural interfacing microsystems capable of continuously monitoring large groups of 
neurons are being actively researched by leveraging the recent advancements in neurosciences, 
microelectronics, communications and microfabrication. Such microsystems are intended to directly 
tap into the source of voluntary control, the CNS, to feed prosthetic devices restoring or replacing 
sensory, motor, or cognitive functions. Cochlear implants and retinal stimulators [10] are excellent 
examples of successful neural interfacing technologies that have reached widespread clinical 
applications. Implantable neural microdevices are pursuing two critical objectives: (1) replacing 
hardwired connections with a wireless link to eliminate cable tethering and risks of infection, 
(2) enabling the local processing of neural signals on a chronic basis to avoid noise sources and 
improve signal integrity. Indeed, neural interfacing technologies that are specifically addressing 
research purposes do not necessarily need to be fully implantable, but they should provide high quality 
of data while eliminating hardwires to enable experiments with animal models that are free from any 
constraint of movement. 

A suitable interface to the cortex must enable chronic utilization and high-resolution by the 
simultaneous sampling of the activity of hundreds of neurons. Neural microsystems must feature 
several data acquisition channels, each featuring low-noise amplifiers, filters, data converters, 
biopotential detectors, wireless transmitters and receivers, and power management blocks. However, 
the requirement of eventual implantability places severe limitations on size, weight, power 



Sensors 2011, 11 



ASIA 



consumption and bandwidth. Embedded circuits must dissipate very low power in order to limit heat 
and temperature rises in the surrounding tissues, but since low-power telemetry usually comes with 
narrower bandwidths, achieving intensive throughputs is difficult. Indeed, designing a telemetry unit 
for handling hundreds of independent channels, each generating around 0.3 Mbit/s (considering 10 bit 
per sample and a typical sampling frequency of 30 kHz per channel) while addressing small size, 
low-power and electromagnetic compatibility is very challenging. A significant research effort is 
presently devoted to increasing the power efficiency in neural microsystems through the development 
of low-power circuit techniques, efficient data management, smart power scheduling and the design of 
novel low-power telemetry modules. Indeed, data management techniques are researched for 
efficiently selecting only the relevant portions in the measured input signal and achieving manageable 
data rates. The design of energy-efficient circuits, smart on-chip powers saving approaches and 
low-power transmitters is fundamental in order to meet the requirements while providing high-density 
in this application. 

The implementation of neural recording microsystems is multi-disciplinary since it involves several 
aspects such as electrodes, materials, interconnects, electronics and system integration. The growing 
impact and the high significance of neural interfacing technology in multiple areas of science are 
demonstrated by the sustained number of works that are presented at international events and in 
dedicated publications [11,12]. Moreover, several exhaustive reviews covering this discipline have 
been published [13-16]. This paper presents the latest advances in neural recording technology with a 
focus on the physiological requirements, and the design of the recording and telemetry electronics. The 
paper is organized as follows: Section 2 reviews the different types of neural signal modalities and 
Section 3 presents the main microsystem interfacing approaches. Section 4 discusses several sensory 
circuit topologies for interfacing with various types of neural probes. Sections 5 and 6 survey on-chip 
data management strategies and smart power scheduling approaches. Section 7 covers the latest 
advances in low-power biotelemetry. Finally, conclusions are drawn and some future directions are 
suggested in the last section. 

2. Neural Probes and Signals Modalities 

There is a manifold of neural signal modalities that convey useful information in the CNS, both in 
the electrical and in the chemical realm. The electroencephalogram (EEG) consists of biopotentials 
that can be measured un-invasively on the scalp using surface electrodes. However, most effective 
approaches for the direct control of prosthetic devices consist of capturing the signal inside the body 
using implantable electrodes [14]. Invasive bioelectrical and neurochemical recordings are performed 
inside the body with sharp biocompatible microelectrodes. 

2.1. Bioelectrical Recording 

The bioelectrical activity that is transmitted along the axon of a neuron can either be measured 
intracellularly or extracellularly using a microelectrode. The depolarisations of the membrane of a 
neuron generate extracellular action potentials (AP), which are waveforms in the range of 100 Hz 
to 10 kHz, whose duration is of a few milliseconds. The rate of occurrence of APs varies from 10 
to 120 per second. Intracellular APs have amplitudes in the range of 70 mVpp [17], whereas 
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extracellular APs have weak amplitudes ranging from 50 uVpp to 500 uVpp, depending on the 
distance between the active neuron and the recording electrode [18]. Intracellular APs can be measured 
by penetrating the membrane of a neuron with a sharp glass micropipette filed with saline water. A 
metal electrode in contact with the electrolyte connects the pipette to a circuit for amplification and 
interfacing with computers. Such an approach allows establishing a very good electrical connection by 
measuring strong voltage signals. However, it causes the death of the cell within a few hours after the 
recordings. Another type of biopotentials known as local field potential (LFP) consists of 
lower-frequency neural waveforms (mHz to 200 Hz) having amplitudes ranging from 500 uVpp 
to 5 mVpp. LFPs are also recorded using extracellular microelectrodes. They likely contain important 
complementary information on neural network dynamics and are useful in brain interfacing 
applications [19,20]. 

Patch clamp recording allows measuring current flowing from a single or a few ion channels by 
creating a sealed area on the surface of a cell membrane and the tip of a glass micropipette. This 
technique is less invasive than intracellular recording, but has also a negative impact on the cell since a 
part of the cellular membrane is destroyed after removing the seal. Integrated patch clamp amplifiers 
have been demonstrated [21]. However, both intracellular microelectrodes and patch clamping have 
limited potential for chronic and implantable technologies. Indeed, they do not allow simultaneous 
recordings from several individual cells, and they are not suitable for long-term studies or chronic 
settings, but they are useful for in-vitro measurements involving cells grown in dishes. In contrast, the 
monitoring of the activity of large groups of neurons for long periods of time is reported by several 
researchers [22], which demonstrate the high potential of such an approach for chronic applications. 
The most widespread and simpler implantable electrode technologies are metal wire bundles and 
microfabricated electrode arrays. The design and the fabrication of such probes are covered in [23]. 

2.2. Neurochemical Recording 

On the other hand, measuring the neurochemical activity is an important milestone because the 
action of neurotransmitters is complementary to electrophysiology. The release or uptake of 
neurotransmitters establishes a conduction path between synapses, and determines the probability of 
whether a new action potential will be generated. Moreover, the measurement of neurotransmitters, 
such as dopamine and nitric oxide, can provide invaluable knowledge for the understanding of 
neurological disorders, like epilepsy and Parkinson's disease. Neurotransmitters can be measured 
employing carbon fiber [24,25] or iridium oxide microelectrodes [26] by using amperometry or 
voltammetry. Indeed, fast-scan cyclic voltammetry is often preferred due to its shorter time scale 
allowing the monitoring of electro-chemical species in real time. Electrochemical analysis is based on 
the fact that certain species can undergo a chemical reaction on the surface of an electrode held at a 
characteristic potential, the redox potential. An electron-transfer reaction taking place between the 
species and the electrode generates a redox current that can be measured with three electrodes and a 
sensitive circuit. The redox potential is applied between a working electrode and a reference electrode, 
while the redox current flows from a counter electrode towards the working electrode. Knowing the 
preferred redox potential and redox current associated with a species enables to identify the 
neurochemical molecule and its concentration. 
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2.3. Summary of Recording Parameters 

Table 1 summarizes the neural recording parameters for the different signal modalities. It is shown 
that intracellular AP measurements deal with strong signals, but have very low potential for chronic 
utilization, whereas extracellular AP and LFP measurements deal with weak signals, but have high 
potential for chronic utilization. The measurement of EEG has similar parameters then for LFPs, 
however measuring the latter is highly invasive compared to the former. Besides, chemical 
measurements involve very small redox currents, but offer high potential for chronic utilization. In 
contrast, patch-clamping measurements deal with larger currents but have rather low potential for 
chronic utilization. 



Table 1. Summary of Neural Recording Parameters for Different Signal Modalities. 



Neural signal modality 


Measurement 
technique 


Amplitude 


Bandwidth 


Electrodes 


Potential for 
chronic utilization 


Extracellular action 
potentials 


Voltage 
amplification 


50 to 500 uVpp 


100 Hz to 10 kHz 


Metal/silicon 
microelectrode 


High 


Intracellular action 
potentials 


Voltage 
amplification 


10 to 70 mVpp 


100 Hz to 10 kHz 


Glass micropipette 


Very low 


Local field potentials 


Voltage 
amplification 


0.5 to 5 mVpp 


1 mHz to 200 Hz 


Metal/silicon 
microelectrode 


High 


Electroencephalogram 


Voltage 
amplification 


1 to 10 mVpp 


1 mHz to 200 Hz 


Surface electrode 


Very high 


Ionic current 


Patch clamping 


1 to 10 nA 


1 mHz to 10 kHz 


Glass micropipette 


Low 


Redox current 


Amperometry 
FSCV 


100 fA to 10 uA 


1 mHz to 100 Hz 
1 mHz to 10 kHz 


Iridium oxide/carbon 
fiber microelectrode 


High 



3. Multi- Channel Recording System Architectures 

Different types of neural microsystem architectures have been demonstrated for interfacing with 
multi-channel neural probes. Devices featuring hundreds of recording channels have been 
demonstrated [27-29]. Application specific integrated circuits (ASIC) can be interconnected with 
neural probes in different ways to form self-contained devices. Requirements on form factors imply 
that the IC must ideally accommodate a silicon area as low as 0.160 mm per channel because 
a 400-um inter-electrode spacing is commonly used for good spatial resolution in the array. Devices 
integrating processing electronics on the same substrate as a silicon microelectrode array are made 
using IC fabrication technology [16]. Such processes allow construction of three-dimensional 
arrangements by assembling several planar parts using sophisticated techniques. Hybrid devices have 
been built using flip-chip approaches where one IC is connected to a silicon microelectrodes 
array [28,29]. This strategy offers high flexibility because the array and the mounted components (IC 
and passive parts) can be fabricated separately. This monolithic configuration is intended to be placed 
under the skull, in direct contact with the cerebral cortex, like a single intra-cortical button. Techniques 
using polymer films are used for the assembly of a probe with ASICs and with other mounted 
components on the same substrate [30]. Although such an approach enables achieving more 
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complexity, it can result in bulky devices that may not be suitable for full implantability. Moreover, the 
horizontal assembly of several components can prohibit integration of a system within a prescribed 
area. Indeed, large surfaces that can be in direct contact with cortical tissues for lengthy periods can 
induce harmful effects such as inflammations and cortical oedema [31]. The approaches proposed 
in [32,33] circumvent such drawbacks by means of distributed configurations consisting of a front-end 
intra-cortical device that is interfaced with a cortically inserted probe, which is hardwired to a 
back-end cranial module atop of the skull. While such an approach enables relaxing constraints on the 
back-end module, any tethering in the interconnections could be harmful, and needs therefore to be 
addressed. The vertical integration of a multi-chip microsystem for increasing the complexity of an 
intra-cortical button-type neural microsystem along the z-axis is proposed in [31]. The interaction with 
the aforementioned tissue layers are therefore minimized in this configuration, given that the height of 
the stacked structure is kept within the intracranial space (2-3 mm) to limit any rise of the implant 
above the cortex and provide clearance. 

The recording electronics in the ASICs are based on different system-level approaches. Figure 1 
presents three different neural microsystem system-level architectures. A widespread approach consists 
in sharing a fast digitizer between the multiple sensory channels. The sensory channels are directed 
toward the analog-to-digital-converter (ADC) employing time-division multiplexing (TDM) in the 
analog domain. The challenge with such an approach is how to minimize power consumption from the 
ADC and from the several unity-gain buffers needed to drive the ADC at high rate and isolate channels 
from each other. Moreover, the analog multiplexer must be designed carefully in order to avoid 
excessive crosstalk. An example of such a type of implementation is presented in [32]. Another 
approach consists in providing one low-power low-rate ADC for each sensory channel and performing 
TDM in the digital domain instead. The main benefits of such an approach are that it avoids the need 
for several power-consuming unity gain buffers and it eliminates inter-channel crosstalk. However, 
great care must be taken in the design of the ADC in order to minimize the chip area. Such a type of 
implementation is presented in [31]. A third approach consists in performing digitization off the chip 
to save power and chip area. Digitization is performed in two phases. A first phase consists of 
converting the multiplexed analog sensory output to time duration, known as analog-to-time 
conversion (ATC). Then, such an ATC signal is transmitted outside the body, to a remote base station 
where power and size are not so highly constrained for performing time-to-digital conversion (TDC). 
This approach requires performing TDM in the analog domain first, which promotes crosstalk, but it 
has the advantage of not requiring any clock signals. Such an approach is presented in [34]. 

Besides, implantable microsystems dedicated to the measurement and the detection of 
neurotransmitters from single or multiple electrodes have been demonstrated [25,35,36]. 
Electrochemical measurements from multiple electrodes are very attractive because they offer a 
distributed view of the release of several types of highly diffusive neurotransmitters. Moreover, a 
two-electrode electro-analysis approach is normally employed in a neurochemical recording 
microsystem format since the very small redox current involves negligible ohmic drop in the reference 
electrode. Thus, the reference electrode is commonly being short-circuited to the counter 
electrode [24,25]. 
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Figure 1. Block diagrams showing different neural recording microsystem architectures. 

(a) This approach is employing analog TDM and is sharing a fast ADC between channels. 

(b) This approach is employing digital TDM and is using one ADC per channel, (c) This 
approach is employing analog TDM and is transferring digitization on the remote station 
side by using ATC in the implanted part, followed by TDC in the external part. 




Digitized TDM 
signal 



Receiver 




Demod- 




ulator 



Multiple 
Digitizers 



Sensory circuits 



Sensory circuits 




►! Sensory circuits «■- 



X 
Q. 



T 



Digitized TDM 
signal 



Wireless 
transmitter 



Digitized TDM 
signal 



Receiver 




Demod- 




ulator 



Skin 



(b) 



Sensory circuits 



Sensory circuits 



— +1 Sensory circuits r- 



3 

5 



T 



Analog TDM Analog ATC 



signal 



ATC 



signal 



Wireless 
transmitter 



Analog ATC 



Digitized TDM 



V 






signal 


signa 




Receiver 






Demod- 




TDC 






ulator 





Skin 



(C) 



4. Neural Sensory Circuits 



Extracellular electrodes generate weak analog signals that need to be amplified, filtered and 
digitized to be transferrable to the world of computing for further processing and storage. Such 
functions are conducted in dedicated circuits often referred to as the analog front-end. The low-noise 
amplifier (LNA) is the main building block of such front-ends. Also referred to as a neural amplifier, 
the LNA must amplify and filter the neural waveforms in order to remove any DC offset seen across a 
pair of differential electrodes. Indeed, it must provide sufficient gain, appropriate bandwidth, high 
signal-to-noise ratio (SNR), excellent linearity, high common mode and power supply rejection ratios 
(CMRR and PSRR), in order to provide the required signal quality. In the case of a multi-channel 
interface, one such sensory circuit is needed for each electrode. Therefore, a neural amplifier must 
present low-power and small size, and be scalable to multiple parallel channels. Furthermore, it is 
essential to optimize the design for very low-power operation through a dedicated circuit design 
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methodology, like in [37]. The noise efficiency factor (NEF) has been widely adopted as a main figure 
of merit to assess the performance of neural amplifiers and compare the several existing topologies 
together. Most effective neural amplifier designs achieving NEF values between 2 and 6. 

In addition to low-noise and low-power optimization, suppressing the DC input voltage while 
leaving the broadband neural signal (from 1 mHz to 10 kHz) untouched represents a considerable 
circuit design challenge in an integrated device, because it requires the implementation of a very 
low-cutoff frequency. Except for specific designs that address extremely low-power [38] or 
very-low-noise requirements [39], the design of reliable integrated neural amplifiers has progressed 
from opened-loop to closed-loop topologies. Early approaches consist in loading the recording site 
with a high-value resistor, implemented either with a reverse-biased diode [13], or with subthreshold 
transistors forming a highpass filter with the electrode capacitance [40]. In present devices, closed-loop 
DC suppression schemes have replaced opened-loop approaches. A popular approach, depicted in 
Figure 2(a), consists of forming a closed-loop gain along with a low-frequency pole using a capacitive 
feedback networks and a highly resistive MOS-bipolar element [37]. Since the equivalent resistor of a 
MOS-bipolar element can reach several thousands of giga-Ohms for small voltages, it is sufficient to 
use a small integrated capacitors of a few tens of pico-Farad in the feedback network for implementing 
a low-frequency cutoff that is in the mHz range. The feedback loop is normally built around a 
low-noise operational transconductor amplifier (OTA) which implementation varies. 

Figure 2. (a) Schematic of a capacitive-feedback neural amplifier, (b) Schematic of an 
active-feedback neural amplifier. 




The current mirror OTA [34,41-43] [Figure 3(a)] and the two-stage opamp [22,44,45] [Figure 3(b)] 
are the most widespread topologies for the low-noise OTA. Other implementations have employed 
folded cascode opamps [46] [Figure 3(c)], telescopic cascode amplifiers [29,47] [Figure 3(d)], or 
fully-differential self-biased OTAs [48] [Figure 3(e)] to reduce the power overhead and noise coming 
from the second stage of an OTA. Moreover, the capacitive network-based topology proposed in [46], 
the schematic of which is depicted in Figure 3(c), improves the NEF by means of source degeneration 
resistors employed in the active load of the differential pair M1-M2. Using a source-degenerated load 
(M5-M6 and R1-R2) instead of a regular active load allows to make the bias current of the transistors 
in the folded branch a small fraction of the current in the differential pair, making the noise 
contribution of this branch negligible compare to that of M1-M2. 
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Figure 3. (a) Current-mirror OTA. (b) Miller OTA. (c) Folded OTA with source 
degeneration, (d) Telescopic OTA. (e) Self-biased OTA. 




(e) 

Moreover, the noise contribution from the source-degenerated load comes mainly from the 
degeneration resistors, which noise is essentially thermal, whereas MOSFETs in a regular active load 
contribute a large amount of 1/f noise. Table 2 summarizes the design parameters of low-noise OTA 
topologies. Expressions are given for the open loop gain and for the input referred noise density. The 
open loop gain of an OTA is obtained by calculating the product G m R 0 , where G m and R„ are the overall 
transconductance and the output resistance of the OTA, respectively. The Miller OTA and the 
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telescopic cascode OTA yield smaller noise densities than other topologies as fewer transistors in their 
implementation contribute to the total noise. 

Table 2. Summary of Low-Noise OTA Parameters \ 



Opamp topology 



Open loop gain (G m R 0 ) 



Input-referred noise density 



Current-mirror OTA 
[Figure 3(a)] 
Miller OTA 
[Figure 3(b)] 
Folded OTA with 
source degeneration 
[Figure 3(c)] 2 
Telescopic OTA 
[Figure 3(d)] 
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1 Note that g m and r 0 represent the transconductance and the output resistance of a MOS device, respectively, 
while k is the Boltzman constant and T is the temperature. 2 Parameter a in the open loop gain of the Folded 
OTA depends on the impedance looking into the sources of M7-M8 and can be calculated as detailed in [46]. 



Besides, achieving small silicon area in a neural amplifier is becoming critical as the number of 
recording channels is continuously growing. However, a capacitive feedback network can often be area 
consuming. An alternate solution to such topology is proposed in [49]. This design [Figure 2(b)] 
employs an active feedback loop implemented with a Miller integrator using a MOS-bipolar element 
and a small-integrated capacitor to cancel any systematic offset and drift at the electrode-tissue 
interface. In addition to providing a competitive NEF and consuming low-power, such an approach 
enables a very small chip area since it is using only one small integrated capacitor compared to two big 
plus two smaller integrated capacitors needed for the capacitive-feedback network-based configuration. 

Adapted versions of the neural amplifier designs introduced above are widely used to extract 
lower-frequency signal modalities such as EEG and LFPs [37]. In addition to that, some designs are 
employing active approaches like Chopper stabilization to attenuate 1/f noise [50,51], which is 
dominant in the low-frequency range (between 1 mHz and a few hundred Hz) for CMOS integrated 
devices. Besides, circuits that allow capturing multimodal information have been demonstrated. Such 
amplifiers can select between several types of biopotentials by accommodating different frequency 
ranges [18,34,44,46,52]. Different bandwidth settings can be obtained by: (1) tuning resistive values in 
a filter, (2) selecting different capacitors values from an array, or (3) changing the operating points of a 
circuit. In several designs, the high-cutoff is changed by varying the gate voltage of a 
pseudo-resistor [46,53], or that of a weakly inverted MOSFET [40,54]. In contrast, the low-cutoff is 
changed by varying the operating point of the low-noise OTA directly [37], or by changing its 
capacitive load through the selection of different output capacitors [55]. 

However, most of these designs present significant distortion and lead to variation of the 
high-cutoff, since the resistance of the MOS devices is highly dependent on the voltage level of the 
output signal. A MOS resistor exhibits asymmetric and nonlinear resistance when the voltage across it 
varies. It is also highly dependent on process variations. Approaches have been proposed to linearize 
MOS resistors by implementing dedicated linearization circuit performing appropriate biasing of the 
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gate of the MOS devices [34,56]. Such approaches have been extended further in [57] by replacing the 
current mirrors and the source followers by closed-loop opamps, which allow reaching high-linearity 
above 74 dB within +200 mV, and enabling process-independent frequency cut-off values. In this 
work, the pseudo-resistor of a lowpass filter is linearized by reporting any voltage variations in the 
input voltage right at its gate, with unity gain. This maintains the gate voltage of the pseudo-resistor at 
a constant value, cancelling any non-linearity, while providing adequate DC biasing to set the desired 
cut-off frequency in a preferred range. A Switch-capacitor neural amplifier with tunable characteristics 
was recently demonstrated in [58] as an alternate means for multimodal measurements. In addition to 
provide low-noise and satisfactory gain, this amplifier can accommodate LFPs and APs through tuning 
of its clocking frequency, implementing different low- and high-cutoff frequencies in a 
straightforward fashion. 

On the other hand, assessing neurochemicals requires sensitive potentiostat circuits that can 
measure very small redox currents. Since the typical concentrations of neurotransmitters are of the 
order of nanomolar and lower, a potentiostat needs to measure currents on the order of nanoamperes 
down to picoamperes. The role of the potentiostat is to measure a current at a fixed potential. Such a 
system functions by maintaining the potential at the working electrode at a constant level, with respect 
to the reference electrode, by forcing a current through the counter electrode. In addition, a potentiostat 
must provide high gain, excellent linearity and wide dynamic range in order to associate a small redox 
current with a concentration by following a linear relationship. Integrated potentiostats have been 
demonstrated for the measurement and the detection of neurochemical species, and they were 
integrated in multi-channel system formats. Early implementations employed direct current to voltage 
converters made from opamps and resistor networks [35,59]. In other designs, the input current is 
integrated on a capacitor and the output voltage is sampled across it [60]. Recent designs are 
employing a delta-sigma modulator (ASM) to directly convert the analog input current into a serial 
bit-stream. With the action of oversampling, a ASM modulator reliably converts the small redox 
current directly into digital data with high resolution, without the need for additional building blocks 
performing current amplification. A switched-capacitor first-order single-bit ASM is implemented 
in [36] for performing amperometric measurements. Such a potentiometric system provides sensitivity 
down to 100 fA for a power consumption of 3.4 uW per channel. It has latter been integrated in 
a 16-channel microsystem [25]. A continuous-time current- input second-order ASM is presented 
in [24]. Such a potentiostat allows measurements in both FSCV and amperometry modes, and features 
a frequency- shift-keying transmitter operating near 433 MHz for transferring the measured data to a 
base station at 1.8 Mb/s. 

5. On-Chip Data Management 

Data management strategies have been introduced as a means to reduce data transfer rates and 
power consumption that would otherwise be prohibitive in neural recording microsystems. In such 
schemes, on-chip circuitry performs the identification and the extraction of the incoming neural 
waveforms, so the system only focuses on relevant portions instead of the entire raw neural signal. 
Such an approach offers huge savings opportunities since neural recordings present very low duty 
cycles in the range of 2% to 20% [31,61], representing a maximum reduction factor of 50. Applying 
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such a huge reduction factor results in a data rate of only 6 kbit/s per channel, assuming ideal signal 
detection rate. Hence, this would drastically increase the channel count from 16 channels to nearly a 
thousand in some proposed wireless telemetry links. When detecting a neural event, it is essential to 
capture multiple waveshape features in order to further utilize the extracted biopotential in subsequent 
processing steps, like in waveforms sorting. For instance, the time of occurrence, the maximum 
amplitude value and the minimum amplitude value are essentials waveform features that need to be 
known in order to associate a biopotential with a specific neuron. Indeed, it is worth mentioning that 
the best performance arises when complete waveshape representations are available [62,63]. Data 
management is usually performed after passing the signal into the neural amplifier, so it occupies a 
larger voltage range and it is less sensitive to noise. Automatic biopotential detectors that locate and 
extract neural waveforms in real time have been demonstrated. A simple and inexpensive scheme 
consists in passing the signal through a unique threshold detector for determining the biopotentials 
locations [64,65]. Detection occurs when the biopotentials amplitude crosses a specified voltage 
threshold. Implementing such scheme is straightforward and represents very low overhead, both in 
digital and analog formats. However, it can only measure the portion of an AP that is above the 
positive threshold, losing the major portion of the waveform that is below the threshold value. 
Moreover, accurate detection using this scheme is only possible for high signal-to-noise ratios 
(SNRs) [66]. Indeed, the threshold value must be carefully chosen for optimizing the detection rate 
according to the level of noise measured in the channel. Such noise comprises background neural 
noise, Johnson noise and 1/f noise. A similar, but more effective technique, consists in using a bilateral 
threshold to cover both positive and negative signal polarities [31,44,47,67,68]. Such bilateral 
threshold function along with basic feature extraction is illustrated in Figure 4. 

Figure 4. A data reduction scheme employing a bilateral threshold function. In such 
scheme, action potentials are detected upon threshold crossing and then tagged with their 
respective time of occurrence. 
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For instance, the bilateral threshold-based detector in [31] allows capturing complete waveshapes 
by means of SRAM data buffering blocks. Data buffering allows capturing the incoming waveform 
samples ahead of detection, which is preventing the system from truncating any biopotential. Indeed, 
using a bilateral threshold is equivalent to employing a squared- signal pre-processor prior to a unique 
threshold detector. Pre-processors are additional building blocks that are employed in the detector to 
improve the SNR before passing the transformed waveform into the threshold function. Such 
pre-processor can increase the detection rate by accentuating the waveshapes and attenuating the noise 
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for achieving high detection rate under low SNR. Figure 5 illustrates the principle of a pre-processor 
based detector. Several types of pre -processor-based detectors have been implemented in analog and 
mixed-signal formats. The detector in [54] can locate APs and measure the peak-to-trough differences, 
which are employed as a means for basic on-chip feature extraction. The circuit proposed in [69] 
employs two lowpass filters, one generating a moving average and a second filtering the input signal, 
to create a dynamic thresholding system. Such a design employs current-mode circuits with 
subthreshold-operated transistors presenting sub-microwatt energy consumption. A variance-based 
pre-processor detector and sorting system is proposed in [70]. An energy-based pre-processor 
implemented within low -power current-mode circuits in [71] allows superior detection rates, while 
occupying a small chip area and consuming low-power, below 1 uW. This latter design was further 
augmented with a dual-threshold decision function in [72]. 



Figure 5. Block diagram of a signal detector employing a pre-processor. 
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Adaptive thresholds are often employed in the decision function of a detector to maximize the 
detection rate [69,73-76]. In such schemes, the value of the detection threshold is dynamically adjusted 
based on the SNR of the input signal and its background noise. An analog implementation of such 
scheme is proposed in [74]. In this work, a low-power subthreshold-based current-mode local 
averaging filter is employed to adaptively adjust the value of the detection threshold represented by a 
voltage in the decision function. 

Digital signal processors have also been implemented to perform detection, feature extraction, data 
compression, as well as spike sorting. A wavelet-based digital processor based on a lifting scheme 
allows the detection and the compression of 32 channels of input neural data [77]. This processor 
implemented in a 0.18-um CMOS process consumes 76 uW and presents a chip area of 0.22 mm 2 . A 
polyphase-based discrete-time wavelet processor is proposed in [78]. This latter work is also covering 
the implementation of continuous-time wavelets in hardware. A real-time neural spike sorter based on 
a low-complexity and adaptive digital neural signal processor is employed in [79] to minimize the 
bandwidth and the overall power dissipation in a neural recording microsystem. Such a processor 
extracts basic AP parameters such as the Euclidian distance, frequency of spike occurrences and the 
total number of spikes, and stores such information in a cache entry. A template-matching algorithm 
allows assigning the detected APs to specific clusters for speeding up the classification of waveforms 
off the chip. Similarly to a CMOS imager, a switched-capacitor delta read-out data compression circuit 
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is employed in [80] to compress neural waveforms related to epileptic seizures. By trading recording 
accuracy for the output data rate, this system allows compression factors as high as 800. A digital 
energy-based processor is employed in [55] to perform on the fly-feature extraction in a 128-channel 
neural recording microsystem. Such a processor allows identifying spikes and processing them with a 
digital frequency- shaping filter. Such an operator is capturing a subset of samples containing the 
necessary information for clustering the data off the chip, and reducing the payload that has to be 
transmitted via a RF link. The processor can handle a single channel among 128 and consumes 0.1 mW. 

6. Smart Power Scheduling 

Power scheduling mechanisms are employed to decrease the power consumption in dense 
implantable microsystems featuring power hungry modules such as low-noise sensory circuits, data 
converters or data transmitters. Such approaches consist in powering up the building blocks only when 
necessary. Current-supply modulation [34,43] and duty cycling [34,55,57] are power scheduling 
techniques consisting in switching specific building blocks between an active and an idle state with 
low duty cycle. The shorter the duty cycling period is, the lower the power dissipation in the circuits is. 
The difference between both techniques is that the former uses low-level bias current in the idle state, 
whereas the latter has zero current in such state for further increasing power savings. A duty cycling 
period that is too short can potentially degrade in the reading accuracy of a neural recording channel, 
because fast intermittent monitoring requires circuits featuring larger bandwidth, thus letting more 
noise entering. The battery-powered sensor interface presented in [57] addresses this tradeoff by 
providing different levels of accuracy and lifetime through the utilization of a programmable low-pass 
filter. Such a filter allows selecting between different input-referred noise levels and duty cycle 
lengths, which determines the overall accuracy and power consumption. The power- scheduling 
mechanism employed in [34] consists in putting most of the neural amplifiers that are not being 
sampled in sleep mode with a fraction of their active current consumption (0.5 uA). Indeed, not turning 
the neural amplifiers completely off lets time for the neural amplifiers to reach their active state faster 
ahead of each sampling. This scheme allows one to decrease power consumption by 18% in the 
multi-channel front-end block. Besides, the multiplexing of several electrodes towards one neural 
amplifier has been demonstrated as a means to save power and silicon area. Time division 
multiplexing of four electrodes towards a single neural amplifier is achieved in [79]. Such time 
multiplexed topology shares a single LNA between four independent input electrodes to decrease the 
power consumption per channel by one fourth. The LNA is based on a capacitive-feedback low-noise 
OTA featuring multiple feedback networks. Each feedback network belongs to a specific channel. 
During time multiplexing and throughout a sampling period, each channel operates either in track or 
hold modes. During tracking, a set of MOS switches connects a specific capacitive network in the 
feedback loop of the LNA to enable recording from an associated input channel with a closed-loop 
gain of 40 dB. The implementation of such a scheme results in a similar system- level architecture as 
shown in Figure 1(a), but with the analog multiplexer relocated before the sensory channels building 
blocks. A frequency-division multiplexing scheme is implemented in [81] where the amplitudes of the 
neural activity seen at each individual electrode is modulated and directed towards a single wideband 
neural amplifier. It is shown in [81] that the maximum number of electrodes that can be multiplexed 
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towards one single amplifier is limited by the summation of the thermal noise from each site at the 
input node of the wideband neural amplifier, which is in the range of 5 to 10 for typical cases. 

Activity-based schemes exploit the transient characteristics of neural signals to maximize 
efficiency. Adaptive sampling [82,83] is an activity-based technique that allows a significant decrease 
in the data rate by an order of magnitude. Such an asynchronous data-sampling scheme dynamically 
varies the sampling rate of the data converter based on the input signal activity. Reduction factors 
of 7 are reported with this scheme. The algorithm requires the implementation of the 2nd derivative of 
the signal within a dedicated circuit to measure the rate of change of the input signal. Other 
activity-based schemes exploit the intermittent nature of neural recordings along with their low duty 
cycles by powering up the building blocks only when neural events occur. Such a strategy requires the 
utilization of accurate signal detectors along with a power scheduling strategy. In such schemes, most 
building blocks remain in an idle state between occurrences of neural events, draining practically no 
power. In [84], a low-overhead analog detector is employed to locate neural events and triggering up 
the recording electronics. Indeed, the approach proposed in [61] is using low-overhead analog delay 
elements that are implemented within ultralow-power linear-delay filters in order to waking up the 
recording circuits "ahead" of biopotential occurrences, whose functionality is critical to avoid 
truncated waveforms. Adaptive mechanisms have been proposed for achieving high-power efficiency. 
In such approaches, the DC operating points of a circuit are adjusted dynamically by employing 
feedback. A neural amplifier using adaptive biasing is demonstrated in [85]. Such closed-loop scheme 
is directly adjusting the SNR of an LNA by changing its bias current in order to set the input 
referred-noise of the amplifier right above the noise floor of the input electrode, which scheme is 
avoiding any waste of energy. 

7. Low-Power Telemetry and Wireless Power Supply 

In contrast with head mounted research devices that operate externally to the body, most 
implantable microsystems cannot use batteries as primary sources of energy. Instead, power must be 
delivered wirelessly across the skin through an inductive link formed by a pair of coils. Inductive 
coupling is among the safest method to power up implants because it avoids the biological risks and 
encumbrance associated with transcutaneous wires. In such a link, a power amplifier drives an external 
coil (the primary) to deliver energy to an implanted coil (the secondary) through inductive coupling. A 
voltage rectifier and a voltage regulator follow the secondary for delivering an adequate supply voltage 
and current to the implanted circuits. This concept has been demonstrated in several applications [86-89]. 
Maximizing the wireless power transfer efficiency is critical to reduce the size of the energy source, 
heating of the tissues and interference with other devices. However, the effect of the surrounding 
environment and the presence of parasitic components are known to largely influence the resulting 
efficiency [90]. On the other hand, resonance-based wireless power delivery has recently received a lot 
of attention. This efficient approach allows one to transfer power over longer distances using a four- 
coil coupling system in which the adverse effects resulting from a low coupling coefficient between 
the primary coil and the secondary coil can be compensated by using high-quality factor coils [87]. 

Wireless telemetry has traditionally been combined with a wireless power supply on a same 
near- field inductive link using amplitude- shift-keying (ASK) or on-off-keying (OOK) modulation 
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schemes for the uplink, while using back telemetry through Load-Shift-Keying (LSK) modulation for 
the downlink [85,88,91]. In back telemetry, the variations induced in the load at the secondary coil 
(implanted) are sensed at the primary (external) coil by a controller. Data rates up to 5.8 Mbps have 
been reported with such a technique [85]. Later, power and data have been separated in multiple 
independent links using multi-carrier approaches [23,32,92,93]. Such a multi-carrier interface is 
illustrated in Figure 6. 

Figure 6. Block diagram of an implantable neural recording microsystem and its 
multi-carrier wireless interface. 
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In such a scheme, the power link is typically operated at lower carrier frequency (at a few 
megahertz) to limit absorption in biological tissues, while maximizing power transfer efficiency, 
whereas the uplink and downlink are pushed at higher frequencies to increase the data rate, while 
minimizing crosstalk and interference. In accordance with such a design philosophy, there is a high 
interest in low-power transmitters that stream data in the far field for enabling short-range monitoring 
at high rate. In such schemes, the uplink is operated at much higher frequencies than the power carrier 
and the downlink center frequency. Several neural recording devices employing RF transmitters have 
been developed with components off-the-shelf (COTS) [42,67,94]. For instance, HermesD is a 
COTS-based battery-powered neural recording system that allows the transmission of 32 channels of 
neural data using frequency- shift keying (FSK) modulation, with an adjustable carrier frequency 
between 3.7 to 4.1 GHz [94]. A COTS transmitter allows a data rate of 24 Mb/s within a range extending 
over 20 m. In [67], a COTS transmitter is transferring 96 channels of neural data from a single chip 
neural recording microsystem over a range of 2 m, using amplitude-shift-keying (ASK) modulation. 
But, despite the high data rate achieved, the significant power consumption of these COTS transmitters 
(>100 mW) prevents their utilization in fully implantable or battery-less systems. 

Custom integrated transmitters have been designed for operating within a power budget 
below 10 mW. Early integrated wireless transmitters have employed analog modulation schemes. 
In [95], frequency-modulation (FM) is employed for transmitting the neural activity from a 4-channel 



Sensors 2011, 11 



4588 



neural microsystem in the band of 94-98 MHz over a distance of 0.5 m. Wireless EEG recordings 
were performed in untethered rodents with an inductively powered neural microsystem employing an 
FM transmitter featuring a 3.2 GHz carrier [96]. The utilization of neural microsystems in sensitive 
locations prompted the implementation of low-power biotelemetry systems that comply with 
international regulations. Such transmitters preferably operate in the low-overhead unlicensed ISM 
bands, with center frequencies of 433.92 MHz, 915 MHz and 2.45 MHz, or in the MICS band 
between 402 MHz and 405 MHz, specifically defined for bi-directional communication with medical 
implants. This latter band allows a maximum transmitted power of 25 uW. An integrated FM 
transmitter operating near 433 MHz and consuming less than 0.5 mW is reported in [97] for 
transferring a single recording channel. More recently, several low-power integrated RF transmitters 
employing digital modulation schemes have been reported to transmit bioelectrical and neurochemical 
activity from multiple channels [24,28,32,34,47]. Such RF transmitters typically employ 
frequency-shift-keying (FSK) and can achieve data rates reaching 10 Mb/s. They normally require the 
implementation of voltage-controlled oscillators, a power amplifier and an LC tank that drives a small 
antenna. The 100-channel system reported in [28] employs a 902-928 MHz FSK transmitter achieving 
a data rate of 345.6 kb/s within a range of a few centimeters, without using a transmitting antenna. This 
microsystem is inductively powered from a 2.765 MHz carrier and a microfabricated printed coil for 
the secondary. In [34], a head-mounted recording system dedicated to research applications is 
inductively powered at 13.56 MHz and is transmitting a 915-MHz FSK-encoded asynchronous 
PWM-TDM signal. This system allows transferring 32 channels of multiplexed neural data at a 
maximum rate of 710 kS/s within 1.2 m of range, and it employs a miniature wideband monopole 
transmitting antenna. This latter system enjoys a digitizer-less architecture avoiding the need for an 
on-chip data-converter, thus saving considerable power. Besides, the reader must note that these works 
are reporting in-air performances. 

In contrast with carrier-based transmitters, carrier-less transmitters that rely on edge-combining 
frequency multiplication have been demonstrated. A sub-milliwatt MICS-band and 433-MHz 
ISM-band compliant transmitter using such a scheme is presented in [98]. This transmitter 
provides 100 kb/s for a consumption of 0.4 mW. Its operating principle is based on a delay locked loop 
and edge combining frequency multiplication. A 405-MHz carrier frequency is generated by 
combining nine equally spaced edges of a 44.6-MHz clock provided by a crystal reference oscillator. 
The edge combiner behaves like a non-linear power amplifier that drives an off-chip LC tank matching 
an antenna. Besides, a novel carrier-less near- field telemetry modulation scheme is proposed in [99]. 
Pulse Harmonic Modulation (PHM) is a novel wideband modulation technique for achieving high data 
rate transmissions over inductive links. Data rates above 5 Mb/s are reported with this technique. 

On the other hand, ultrawide-band (UWB) communications in the regulated 3.1-to-10.6 GHz band 
are actively researched as a low-power wireless short-range technology, enabling data rates of several 
tens of Mb/s [100]. Unlike conventional narrow-band communications, impulse-radio (IR) UWB uses 
short-duration pulses in the time domain to convey information, which promotes a low-duty cycle, low 
interference, and better immunity to multipath fading. Two main techniques are employed for pulse 
synthesis. A first architecture consists in generating a pulse at baseband and up-converting it in the 
UWB band using a mixer and a local oscillator [101]. A second architecture consists in generating 
pulses that directly fall into the UWB band by using pulse combination, without any up-conversion, 
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similarly to the case of carrier- less narrow-band transmitters [102]. A passive off-chip LC filter can be 
employed to shape the output spectrum of the transmitter according to the regulation for indoor UWB 
emission. Such pulse shaping approach has allowed data rates up to 15 Mb/s [103] and 90 Mb/s [55], 
for power consumption of 4.85 mW in a 0.5-um CMOS process, and 1.6 mW in a 0.35-um CMOS 
process, respectively. Modulation schemes such as OOK or Pulse-position modulation (PPM) are 
typically employed for low-power UWB communications. Carrier-less IR-UWB transmitters can have 
simple architectures, allowing low-power and small chip area in CMOS technology, whereas complex 
receivers can be easily built using COTS, since the power budget and the footprint of the remote base 
station is not crucial. 

Besides, optical telemetry is employed for the uplink in [14,33] as an effective means to achieve 
high data rate and low interference. Such multi-modal wireless interface is based on an embedded 
high-efficiency vertical-cavity surface-emitting laser diode allowing the transmission of the neural data 
that are measured on 16 channels. This head-mounted recording system is inductively powered and 
achieves a peak optical output of 2 mW. This microsystem is consuming a total power of 12 mW and 
is currently being used to collect in-vivo data from the primary motor cortex of behaving rhesus 
monkeys. Moreover, microwave-based energy recovery has been proposed for a wireless switch circuit 
dedicated to an implantable endoscope capsule in [104]. In such design, a multi-stage rectifier is used 
to convert the received 915 MHz RF power into a DC voltage supply stored on a 300 pF on-chip 
capacitor. A simple voltage regulator following the rectifier is used to stabilize this DC voltage supply 
and retrieve a few micro-amperes, which is limiting such an approach for utilization in very low supply 
current applications. 

8. Conclusions and Outlook 

While wireless microsystems have been used to successfully retrieve the neural data in untethered 
animals, there are still several technical issues that need to be addressed before development of 
clinically viable prosthetic devices or mature research applications will be possible. The challenges fall 
into two categories. First, the next generation of neural devices will need to provide a better reliability 
and long lifetime for enabling safe chronic utilization. Long-term stability requires microsystems 
achieving perfect biocompatibility. In such case, the interaction with the biological tissue layers must 
be minimized in order to avoid any foreign body responses, like adhesion with the dural tissue [31]. 
Designing better coating materials and new hermetical sealing techniques is of great interest. Secondly, 
neural interfacing devices are brought to provide increasing resolutions and multi-modal sensing. In 
fact, reaching better resolution and higher quality of data across multiple realms, and with different 
signal modalities, is an important milestone. Thus, the next generations of neural microsystems may 
certainly need to cope with overwhelming densities, requiring novel approach and techniques for 
meeting the requirements. Reaching high power efficiency in implantable ICs will remain an 
important issue. 

Besides, neural recording devices will need to provide accurate selectivity to isolate a given signal 
modality or to discriminate between specific responses from the CNS. Such flexibility is a requisite for 
addressing several modalities in a simultaneous fashion, and for extracting a relevant information 
content on-chip to reduce a complex dimensionality into a small data set that can be handled by 
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low-power telemetry. The implementation of such functions will require significant advances in the 
design of dedicated sensory circuits and in the implementation of efficient signal processing algorithms. 

The design of low-power miniaturized biotelemetry transmitters is of constant relevance. Future 
systems will need to address sensitivity issues related to interference, component parasitics and 
surrounding biological tissues in near-field and far-field wireless links. Moreover, as the complexity of 
microsystems is scaled up while their size is scaling down, an important issue will arise from the fact 
that implantable devices may come to a point where they will need much more energy within a much 
smaller footprint. A solution to such an issue consists in diversifying power sources. For instance, 
photovoltaic energy converters are used in combination with inductive power delivery in [14,105]. 

In addition, designing high-resolution microsystems providing a bidirectional access to several 
individual neurons of the cortex through electrical stimulation and neural recording capabilities in the 
same device is challenging, but very much needed. Such systems will render it possible to interact with 
groups of neurons in closed loop, i.e., to use electrical stimulation in conjunction with neural recording 
to activate specific neural networks and retrieve instantaneous feedback information on their status. 
Having access to such bidirectional neural interfaces will have considerable impact on experimental 
brain research and on the development of new assistive technologies to treat chronic diseases and 
neural disorders like Parkinson, epilepsy, dystonia and dysphasia. Moreover, combining 
neurochemical sensing, drug delivery and microfluidics together within such bidirectional interfacing 
device is among future challenges. The development of alternate neural recording and 
micro stimulation approaches should also attract more attention. For instance, an imaging-based neural 
recording technique in presented in [106]. 

In conclusion, neural interfacing technology has recently seen tremendous progress, but its 
development into viable clinical systems still faces important technological challenges. There 
are presently several open multidisciplinary directions that are being investigated for 
subsequent development. 

Acknowledgements 

The author would like to acknowledge support from the Natural Sciences and Engineering Research 
Council of Canada, and from CMC Microsystems (Kingston, ON). 

References 

1. Hodgkin, A.L.; Huxley, A.F. A quantitative description of membrane current and its application 
to conduction and excitation in nerve. J. Physiol. 1952, 117, 500-544. 

2. Mountcastle, V.B. Modality and topographic properties of single neurons of cat's somatic 
sensory cortex. J. Neurophysiol. 1957, 20, 408-434. 

3. Hubel, D.H.; Wiesel, T.N. Receptive fields of single neurones in the cat's striate cortex. 
J. Physiol. 1959, 148, 574-591. 

4. Georgopoulos, A. P.; Schwartz, A.B.; Kettner, R.E. Neuronal population coding of movement 
direction. Science 1986, 233, 1416-1419. 

5. Hatsopoulos, N.G.; Donoghue, J. P. The science of neural interface systems. Annu. Rev. Neurosci. 
2009, 32, 249-266. 



Sensors 2011, 11 



4591 



6. Schwartz, A.B.; Kettner, R.E.; Georgopoulos, A. P. Primate motor cortex and free arm 
movements to visual targets in three- dimensional space. I. Relations between single cell 
discharge and direction of movement. J. Neurophysiol. 1988, 8, 2913-2927. 

7. Taylor, D.M.; Tillery, S.I.; Schwartz, A.B. Direct cortical control of 3D neuroprosthetic devices. 
Science 2002, 296, 1829-1832. 

8. Wessberg, J.; Stambaugh, C.R.; Kralik, J.D.; Beck, P.D.; Laubach, M.; Chapin, J.K.; Kim, J.; 
Biggs, S.J.; Srinivasan, M.A.; Nicolelis, M.A. Real-time prediction of hand trajectory by 
ensembles of cortical neurons in primates. Nature 2000, 408, 361-365. 

9. Hochberg, L.R.; Serruya, M.D.; Friehs, G.M.; Mukand, J.A.; Saleh, M.; Caplan, A.H.; 
Branner, A.; Chen, D.; Penn, R.D.; Donoghue, J. P. Neuronal ensemble control of prosthetic 
devices by a human with tetraplegia. Nature 2006, 442, 164-171. 

10. Kuanfu, C; Zhi, Y.; Linh, H.; Weiland, J.; Humayun, M.; Wentai, L. An integrated 256-channel 
epiretinal prosthesis. IEEE J. Solid-State Circ. 2010, 45, 1946-1956. 

11. Judy, J.W.; Markovi, D. Guest editorial special section on wireless neural interfaces. IEEE Trans. 
Neural Syst. Reh. En. 2009, 17, 309-311. 

12. Hafliger, P.; Constandinou, T.G. Guest editorial — special issue on selected papers from ISCAS 
2009. IEEE Trans. Biomed. Circ. Syst. 2010, 4, 137-138. 

13. Jochum, T.; Denison, T.; Wolf, P. Integrated circuit amplifiers for multi-electrode intracortical 
recording. J. Neural Eng. 2009, 6, 12001-12001. 

14. Nurmikko, A.V.; Donoghue, J.P.; Hochberg, L.R.; Patterson, W.R.; Yoon-Kyu, S.; Bull, C.W.; 
Borton, D.A.; Laiwalla, F.; Sunmee, P.; Yin, M.; Aceros, J. Listening to brain microcircuits for 
interfacing with external world — progress in wireless implantable microelectronic 
neuroengineering devices. Proc. IEEE 2010, 98, 375-388. 

15. Rieger, R.; Taylor, J.T. Design strategies for multi-channel low-noise recording systems. Analog 
Integr. Circ. Signal Process. 2008, 58, 123-133. 

16. Wise, K.D.; Sodagar, A.M.; Ying, Y.; Gulari, M.N.; Perlin, G.E.; Najafi, K. Microelectrodes, 
microelectronics, and implantable neural microsystems. Proc. IEEE 2008, 96, 1184-1202. 

17. Kandel, E.R.; Schwartz, J.H.; Jessell, T.M. Principles of Neural Science; McGraw-Hill Medical: 
New York, NY, USA, 2000. 

18. Mollazadeh, M.; Murari, K.; Cauwenberghs, G.; Thakor, N. Wireless micropower 
instrumentation for multimodal acquisition of electrical and chemical neural activity. IEEE Trans. 
Biomed. Circ. Syst. 2009, 3, 388-397. 

19. Patil, P.G.; Turner, DA. The development of brain-machine interface neuroprosthetic devices. 
ASENT 2008, 5, 137-146. 

20. White, J.R.; Levy, T.; Bishop, W.; Beaty, J.D. Real-time decision fusion for multimodal neural 
prosthetic devices. PloS One 2010, 5, e9493. 

21. Weerakoon, P.; Culurciello, E.; Yang, Y.; Santos-Sacchi, J.; Kindlmann, P.J.; Sigworth, F.J. 
Patch-clamp amplifiers on a chip. J. Neurosci. Meth. 2010, 192, 187-192. 

22. Kipke, D.R.; Shain, W.; Buzsaki, G.; Fetz, E.; Henderson, J.M.; Hetke, J.F.; Schalk, G. 
Advanced neurotechnologies for chronic neural interfaces: New horizons and clinical 
opportunities. J. Neurosci. 2008, 28, 11830-11838. 



Sensors 2011, 11 



4592 



23. HajjHassan, M.; Chodavarapu, V.; Musallam, S. NeuroMEMS: Neural probe microtechnologies. 
Sensors 2008, 8, 6704-6726. 

24. Roham, M.; Daberkow, D.P.; Ramsson, E.S.; Covey, D.P.; Pakdeeronachit, S.; Garris, P. A.; 
Mohseni, P. A wireless IC for wide-range neurochemical monitoring using amperometry and 
fast-scan cyclic voltammetry. IEEE Trans. Biomed. Circ. Syst. 2008, 2, 3-9. 

25. Murari, K.; Stanacevic, M.; Cauwenberghs, G.; Thakor, N.V. Integrated potentiostat for 
neurotransmitter sensing. IEEE Eng. Med. Biol. Mag. 2005, 24, 23-29. 

26. Johnson, M.D.; Franklin, R.K.; Scott, K.A.; Brown, R.B.; Kipke, D.R. Neural probes for 
concurrent detection of neurochemical and electrophysiological signals in vivo. In Proceedings of 
27th Annual International Conference of the Engineering in Medicine and Biology Society 
(EMBC'05), Shanghai, China, 1-4 September 2005; pp. 7325-7328. 

27. Charvet, G.; Billoint, O.; Gharbi, S.; Heuschkel, M.; Georges, C; Kauffmann, T.; Pellissier, A.; 
Yvert, B.; Guillemaud, R. A modular 256-channel Micro Electrode Array platform for in vitro 
and in vivo neural stimulation and recording: BioMEA™. In Proceedings of 2010 Annual 
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC'10), 
Buenos Aires, Argentina, 1-4 September 2010; pp. 1804-1807. 

28. Harrison, R.R.; Kier, R.J.; Chestek, C.A.; Gilja, V.; Nuyujukian, P.; Ryu, S.; Greger, B.; 
Solzbacher, F.; Shenoy, K.V. Wireless neural recording with single low-power integrated circuit. 
IEEE Trans. Neural Syst. Reh. En. 2009, 17, 322-329. 

29. Shahrokhi, F.; Abdelhalim, K.; Serletis, D.; Carlen, P.L.; Genov, R. The 128-channel fully 
differential digital integrated neural recording and stimulation interface. IEEE Trans. Biomed. 
Circ. Syst. 2010, 4, 149-161. 

30. Stieglitz, T.; Schuetter, M.; Koch, K.P. Implantable biomedical microsystems for neural 
prostheses. IEEE Eng. Med. Biol. Mag. 2005, 24, 58-65. 

31. Gosselin, B.; Ayoub, A.E.; Roy, J.F.; Sawan, M.; Lepore, F.; Chaudhuri, A.; Guitton, D. A 
mixed-signal multichip neural recording interface with bandwidth reduction. IEEE Trans. 
Biomed. Circ. Syst. 2009, 3, 129-141. 

32. Sodagar, A.M.; Wise, K.D.; Najafi, K. A wireless implantable microsystem for multichannel 
neural recording. IEEE Trans. Microwave Theory 2009, 57, 2565-2573. 

33. Song, Y.K.; Borton, D.A.; Park, S.; Patterson, W.R.; Bull, C.W.; Laiwalla, F.; Mislow, J.; 
Simeral, J.D.; Donoghue, J. P.; Nurmikko, A.V. Active microelectronic neurosensor arrays for 
implantable brain communication interfaces. IEEE Trans. Neural Syst. Reh. Eng. 2009, 17, 
339-345. 

34. Seung Bae, L.; Hyung-Min, L.; Kiani, M.; Uei-Ming, J.; Ghovanloo, M. An inductively powered 
scalable 32-channel wireless neural recording system-on-a-chip for neuroscience applications. 
IEEE Trans. Biomed. Circ. Syst. 2010, 4, 360-371. 

35. Strong, T.D.; Martin, S.M.; Franklin, R.F.; Brown, R.B. Integrated electrochemical neurosensors. 
In Proceedings of IEEE International Symposium on Circuits and Systems (ISCAS'06), Kos, 
Greece, May 2006; p. 4. 

36. Stanacevic, M.; Murari, K.; Rege, A.; Cauwenberghs, G.; Thakor, N.V. VLSI potentiostat array 
with oversampling gain modulation for wide-range neurotransmitter sensing. IEEE Trans. 
Biomed. Circ. Syst. 2007, 1, 63-72. 



Sensors 2011, 11 



4593 



37. Harrison, R.R.; Charles, C. A low-power low-noise CMOS amplifier for neural recording 
applications. IEEE J. Solid-State Circ. 2003, 38, 958-965. 

38. Holleman, J.; Otis, B. A sub-microwatt low-noise amplifier for neural recording. In Proceedings 
of 29th Annual International Conference of the IEEE Engineering in Medicine and Biology 
Society (EMBC'07), Lyon, France, 23-26 August 2007; pp. 3930-3933. 

39. Rieger, R.; Schuettler, M.; Pal, D.; Clarke, C; Langlois, P.; Taylor, J.; Donaldson, N. Very 
low-noise ENG amplifier system using CMOS technology. IEEE Trans. Neural Syst. Reh. Eng. 
2006, 14, All -431. 

40. Mohseni, P.; Najafi, K. A fully integrated neural recording amplifier with DC input stabilization. 
IEEE Trans. Biomed. Eng. 2004, 51, 832-837. 

41. Mollazadeh, M.; Murari, K.; Cauwenberghs, G.; Thakor, N. Micropower CMOS integrated 
low-noise amplification, filtering, and digitization of multimodal neuropotentials. IEEE Trans. 
Biomed. Circ. Syst. 2009, 3, 1-10. 

42. Farshchi, S.; Pesterev, A.; Nuyujukian, P.; Guenterberg, E.; Mody, I.; Judy, J.W. Embedded 
neural recording with TinyOS-based wireless-enabled processor modules. IEEE Trans. Neural 
Syst. Reh. En. 2010, 18, 134-141. 

43. Zhiming, X.; Chun-Ming, T.; Dougherty, CM.; Bashirullah, R. A 20 uW neural recording tag 
with supply-current-modulated AFE in 0.13 um CMOS. In Proceedings of IEEE International 
Solid-State Circuits Conference (ISSCC'10), San Francisco, CA, USA, 20-24 February 2010; 
pp. 122-123. 

44. Olsson, R.H.; Buhl, D.L.; Sirota, A.M.; Buzsaki, G.; Wise, K.D. Band-tunable and multiplexed 
integrated circuits for simultaneous recording and stimulation with microelectrode arrays. IEEE 
Trans. Biomed. Eng. 2005, 52, 1303-1311. 

45. Zou, X.; Xu, X.; Yao, L.; Lian, Y. A 1-V 450-nW fully integrated programmable biomedical 
sensor interface chip. IEEE J. Solid-State Circ. 2009, 44, 1067-1077. 

46. Wattanapanitch, W.; Fee, M.; Sarpeshkar, R. An energy-efficient micropower neural recording 
amplifier. IEEE Trans. Biomed. Circ. Syst. 2007, 1, 136-147. 

47. Bonfanti, A.; Ceravolo, M.; Zambra, G.; Gusmeroli, R.; Spinelli, A.S.; Lacaita, A.L.; 
Angotzi, G.N.; Baranauskas, G.; Fadiga, L. A multi-channel low-power system-on-chip for 
single-unit recording and narrowband wireless transmission of neural signal. In Proceedings of 
Annual International Conference of the IEEE Engineering in Medicine and Biology Society 
(EMBC'10), Buenos Aires, Argentina, 1-4 September 2010; pp. 1555-1560. 

48. Chae, M.; Kim, J.; Liu, W. Fully-differential self-biased bio-potential amplifier. Electron. Lett. 
2008,44, 1390-1391. 

49. Gosselin, B.; Sawan, M.; Chapman, CA. A low-power integrated bioamplifier with active 
low-frequency suppression. IEEE Trans. Biomed. Circ. Syst. 2007, 1, 184-192. 

50. Verma, N.; Shoeb, A.; Bohorquez, J.; Dawson, J.; Guttag, J.; Chandrakasan, A. P. A micro-power 
EEG acquisition SoC with integrated feature extraction processor for a chronic seizure detection 
system. IEEE J. Solid-State Circ. 2010, 45, 804-816. 

51. Avestruz, A.T.; Santa, W.; Carlson, D.; Jensen, R.; Stanslaski, S.; Helfenstine, A.; Denison, T. 
A 5 mu W/channel spectral analysis IC for chronic bidirectional brain-machine interfaces. IEEE J. 
Solid-State Circ. 2008, 43, 3006-3024. 



Sensors 2011, 11 



4594 



52. Perlin, G.E.; Sodagar, A.M.; Wise, K.D. A neural amplifier with high programmable gain and 
tunable bandwidth. In Proceedings of 30th Annual International Conference of the IEEE 
Engineering in Medicine and Biology Society (EMBC'08), Vancouver, Canada, 20-25 August 
2008; pp. 3154-3157. 

53. Ming, Y.; Ghovanloo, M. A low-noise preamplifier with adjustable gain and bandwidth for 
biopotential recording applications. In Proceedings of IEEE International Symposium on Circuits 
and Systems (ISCAS'07), New Orleans, LA, USA, May 2007; pp. 321-324. 

54. Horiuchi, T.; Swindell, T.; Sander, D.; Abshier, P. A low-power CMOS neural amplifier with 
amplitude measurements for spike sorting. In Proceedings of IEEE International Symposium on 
Circuits and Systems (ISCAS'04), Vancouver, Canada, 23-26 May 2004; pp. 29-32. 

55. Chae, M.S.; Yang, Z.; Yuce, M.R.; Hoang, L.; Liu, W. A 128-channel 6 mW wireless neural 
recording IC with spike feature extraction and UWB transmitter. IEEE Trans. Neural Syst. Reh. 
En. 2009,77,312-321. 

56. Zou, X.; Liew, W.S.; Yao, L.; Lian, Y. A 1 V 22 uW 32-channel implantable EEG recording IC. 
In Proceedings of IEEE International Solid-State Circuits Conference (ISSCC'10), San Francisco, 
CA, USA, 20-24 February 2010; pp. 126-127. 

57. Gosselin, B.; Ghovanloo, M. A high-performance analog front-end for an intraoral tongue-operated 
assistive technology. In Proceedings of the 2011 IEEE International Symposium on Circuits and 
Systems (ISCAS'll), Rio de Janeiro, Brazil, 15-18 May 2011. 

58. Jongwoo, L.; Johnson, M.D.; Kipke, D.R. A tunable biquad switched-capacitor amplifier-filter 
for neural recording. IEEE Trans. Biomed. Circ. Syst. 2010, 4, 295-300. 

59. Chao, Y.; Yue, H.; Hassler, B.L.; Worden, R.M.; Mason, A.J. Amperometric electrochemical 
microsystem for a miniaturized protein biosensor array. IEEE Trans. Biomed. Circ. Syst. 2009, 3, 
160-168. 

60. Ayers, S.; Gillis, K.D.; Lindau, M.; Minch, B.A. Design of a CMOS potentiostat circuit for 
electrochemical detector arrays. IEEE Trans. Circ. Syst. 2007, 54, 136-144. 

61. Gosselin, B.; Sawan, M.; Kerherve, E. Linear-phase delay filters for ultra-low-power signal 
processing in neural recording implants. IEEE Trans. Biomed. Circ. Syst. 2010, 4, 171-180. 

62. Lewicki, M.S. A review of methods for spike sorting: The detection and classification of neural 
action potentials. Netw. Comput. Neural Syst. 1998, 9, 53-78. 

63. Eftekhar, A.; Paraskevopoulou, S.E.; Constandinou, T.G. Towards a next generation neural 
interface: Optimizing power, bandwidth and data quality. In Proceedings of IEEE Biomedical 
Circuits and Systems Conference (BioCAS'10), Paphos, Cyprus, November 2010; pp. 122-125. 

64. Harrison, R.R. A low-power integrated circuit for adaptive detection of action potentials in noisy 
signals. In Proceedings of 25th Annual International Conference of the IEEE Engineering in 
Medicine and Biology Society (EMBC'03), Cancun, Mexico, September 2003; pp. 3325-3328. 

65. Perelman, Y.; Ginosar, R. An integrated system for multichannel neuronal recording with 
spike/LFP separation, integrated A/D conversion and threshold detection. IEEE Trans. Biomed. 
Eng. 2007,54, 130-137. 

66. Obeid, I.; Wolf, P.D. Evaluation of spike-detection algorithms for a brain-machine interface 
application. IEEE Trans. Biomed. Eng. 2004, 51, 905-911. 



Sensors 2011, 11 



4595 



67. Rizk, M; Obeid, I.; Callender, S.H.; Wolf, P.D. A single-chip signal processing and telemetry 
engine for an implantable 96-channel neural data acquisition system. J. Neural Eng. 2007, 4, 
309-321. 

68. Sodagar, A.M.; Wise, K.D.; Najafi, K. A fully integrated mixed-signal neural processor for 
implantable multichannel cortical recording. IEEE Trans. Biomed. Eng. 2007, 54, 1075-1088. 

69. Rogers, C.L.; Harris, J.G. A low-power analog spike detector for extracellular neural recordings. 
In Proceedings of 11th IEEE International Conference on Electronics, Circuits and Systems 
(ICECS'04), Tel- Aviv, Israel, 13-15 December 2004; pp. 290-293. 

70. Haas, A.M.; Cohen, M.H.; Abshire, P.A. Real-time variance based template matching spike 
sorting system. In Proceedings of IEEE/NIH Life Science Systems and Applications Workshop, 
(LISA '07), Bethesda, MD, USA, November 2007; pp. 104-107. 

71. Gosselin, B.; Sawan, M. An ultra low-power CMOS automatic action potential detector. IEEE 
Trans. Neural Syst. Reh. En. 2009, 17, 346-353. 

72. Hiseni, S.; Sawigun, C; Ngamkham, W.; Serdijn, W.A. A compact, nano-power CMOS action 
potential detector. In Proceedings of IEEE Biomedical Circuits and Systems Conference 
(BioCAS'09), Beijing, China, 25-27 November 2009; pp. 97-100. 

73. Chung-Ching, P.; Sabharwal, P.; Bashirullah, R. An adaptive neural spike detector with 
threshold-lock loop. In Proceedings of IEEE International Symposium on Circuits and Systems 
(ISCAS'09), Taipei, Taiwan, May 2009; pp. 2133-2136. 

74. Gosselin, B.; Sawan, M. Adaptive detection of action potentials using ultra low-power CMOS 
circuits. In Proceedings of the 2008 IEEE Biomedical Circuits and Systems Conference 
(BIOCAS'08), Baltimore, MD, USA, November 2008; pp. 209-212. 

75. Holleman, J.; Mishra, A.; Diorio, C; Otis, B. A micro-power neural spike detector and feature 
extractor in 0.13 urn CMOS. In Proceedings of IEEE Custom Integrated Circuits Conference 
(CICC'08), San Jose, CA, USA, September 2008; pp. 333-336. 

76. Watkins, P.T.; Santhanam, G.; Shenoy, K.V.; Harrison, R.R. Validation of adaptive threshold 
spike detector for neural recording. In Proceedings of 26th Annual International Conference of 
the IEEE Engineering in Medicine and Biology Society (IEMBC'04), San Francisco, CA, USA, 
September 2004; pp. 4079-4082. 

77. Kamboh, A.; Raetz, M.M.; Oweiss, K.G.; Mason, A. Area-power efficient VLSI implementation 
of multichannel DWT for data compression in implantable neuroprosthetics. IEEE Trans. 
Biomed. Circ. Syst. 2007, 7, 128-135. 

78. Gosselin, B.; Hosseini-Khayat, S.; Quotb, A.; Sawan, M. Hardware implementation of wavelet 
transforms for real-time detection and compression of biopotentials in neural implants. Curr. 
Develop. Theory Appl. Wavelets 2011, in press. 

79. Chung-Ching, P.; Zhiming, X.; Bashirullah, R. Toward energy efficient neural interface. IEEE 
Trans. Biomed. Eng. 2009, 56, 2697-2700. 

80. Aziz, J.N.Y.; Abdelhalim, K.; Shulyzki, R.; Genov, R.; Bardakjian, B.L.; Derchansky, M.; 
Serletis, D.; Carlen, P.L. 256-Channel neural recording and delta compression microsystem with 
3D electrodes. IEEE J. Solid-State Circ. 2009, 44, 995-1005. 



Sensors 2011, 11 



4596 



81. Joye, N.; Schmid, A.; Leblebici, Y. Extracellular recording system based on amplitude 
modulation for CMOS microelectrode arrays. In Proceedings of IEEE Biomedical Circuits and 
Systems Conference (BioCAS'10), Paphos, Cyprus, November 2010; pp. 102-105. 

82. Rieger, R.; Taylor, J.T. An adaptive sampling system for sensor nodes in body area networks. 
IEEE Trans. Neural Syst. Reh. En. 2009, 17, 183-189. 

83. Yazicioglu, R.F.; Sunyoung, K.; Torfs, T.; Hyejung, K.; van Hoof, C. A 30 mu W analog signal 
processor ASIC for portable biopotential signal monitoring. IEEE J. Solid-State Circ. 2011, 46, 
209-223. 

84. Gosselin, B.; Sawan, M. Circuits techniques and microsystems assembly for intracortical 
multichannel ENG recording. In Proceedings of IEEE Custom Integrated Circuits Conference 
(CICC'09), San Jose, CA, USA, September 2009; pp. 97-104. 

85. Sarpeshkar, R.; Wattanapanitch, W.; Arfin, S.K.; Rapoport, B.I.; Mandal, S.; Baker, M.W.; 
Fee, M.S.; Musallam, S.; Andersen, R.A. Low-power circuits for brain-machine interfaces. IEEE 
Trans. Biomed. Circ. Syst. 2008, 2, 173-183. 

86. Djemouai, A.; Sawan, M. Prosthetic power supplies. Wiley Encyclopedia Elect. Electron. Eng. 
2009, 77,413-421. 

87. RamRakhyani, A.K.; Mirabbasi, S.; Mu, C. Design and optimization of resonance-based efficient 
wireless power delivery systems for biomedical implants. IEEE Trans. Biomed. Circ. Syst. 2011, 
5, 48-63. 

88. Sawan, M.; Yamu, H.; Coulombe, J. Wireless smart implants dedicated to multichannel 
monitoring and microstimulation. IEEE Circ. Syst. Mag. 2005, 5, 21-39. 

89. Uei-Ming, J.; Ghovanloo, M. Design and optimization of printed spiral coils for efficient 
transcutaneous inductive power transmission. IEEE Trans. Biomed. Circ. Syst. 2007, 1, 193-202. 

90. Uei-Ming, J.; Ghovanloo, M. Modeling and optimization of printed spiral coils in air, saline, and 
muscle tissue environments. IEEE Trans. Biomed. Circ. Syst. 2009, 3, 339-347. 

91. Mandal, S.; Sarpeshkar, R. Power-efficient impedance-modulation wireless data links for 
biomedical implants. IEEE Trans. Biomed. Circ. Syst. 2008, 2, 301-315. 

92. Ghovanloo, M.; Atluri, S. A wide-band power-efficient inductive wireless link for implantable 
microelectronic devices using multiple darriers. IEEE Trans. Circ. Syst. 2007, 54, 2211-2221. 

93. Simard, G.; Sawan, M.; Massicotte, D. High-speed OQPSK and efficient power transfer through 
inductive link for biomedical implants. IEEE Trans. Biomed. Circ. Syst. 2010, 4, 192-200. 

94. Miranda, H.; Gilja, V.; Chestek, C.A.; Shenoy, K.V.; Meng, T.H. HermesD: A high-rate 
long-range wireless transmission system for simultaneous multichannel neural recording 
applications. IEEE Trans. Biomed. Circ. Syst. 2010, 4, 181-191. 

95. Mohseni, P.; Najafi, K.; Eliades, S.J.; Xiaoqin, W. Wireless multichannel biopotential recording 
using an integrated FM telemetry circuit. IEEE Trans. Neural Syst. Reh. En. 2005, 13, 263-271. 

96. Irazoqui-Pastor, P.; Mody, I.; Judy, J.W. In-vivo EEG recording using a wireless implantable 
neural transceiver. In Proceedings of First International IEEE EMBS Conference on Neural 
Engineering, Capri, Italy, 20-22 March 2003; pp. 622-625. 

97. Neihart, N.M.; Harrison, R.R. Micropower circuits for bidirectional wireless telemetry in neural 
recording applications. IEEE Trans. Biomed. Eng. 2005, 52, 1950-1959. 



Sensors 2011, 11 



4597 



98. Rai, S.; Holleman, J.; Pandey, J.N.; Zhang, R; Otis, B. A 500 uW neural tag with 2 uVrms AFE 
and frequency-multiplying MICS/ISM FSK transmitter. In Proceedings of IEEE Solid-State 
Circuits Conference (ISSCC'09), San Francisco, CA, USA, 4 February 2009; pp. 212-213. 

99. Inanlou, F.; Ghovanloo, M. Wideband near-field data transmission using pulse harmonic 
modulation. IEEE Trans. Circ. Syst. 2011, 58, 186-195. 

100. Chandrakasan, A.P.; Lee, F.S.; Wentzloff, D.D.; Sze, V.; Ginsburg, B.P.; Mercier, P.P.; 
Daly, D.C.; Blazquez, R. Low-power impulse UWB architectures and circuits. Proc. IEEE 2009, 
97, 332-352. 

101. Gao, Y.; Zheng, Y.; Diao, S.; Toh, W.D.; Ang, C.W.; Je, M.; Heng, C.H. Low-power 
ultrawideband wireless telemetry transceiver for medical sensor applications. IEEE Trans. 
Biomed. Eng. 2011, 58, 768-772. 

102. Yunliang, Z.; Zuegel, J.D.; Marciante, J.R.; Hui, W. Distributed waveform generator: A new 
circuit technique for ultra- wideband pulse generation, shaping and modulation. IEEE J. 
Solid-State Circ. 2009, 44, 808-823. 

103. Zamani, H.; Mohseni, P. A high-speed circuit architecture for IR-UWB transmission of fast-scan 
cyclic voltammetry in 0.35 sm CMOS. In Proceedings of Annual International Conference of the 
IEEE Engineering in Medicine and Biology Society (EMBC'10), Buenos Aires, Argentina, 
1-4 September 2010; pp. 1561-1564. 

104. Jiang, H.; Zhang, L.; Zhang, C.; Wang, Z. Wireless switch for implantable medical devices based 
on passive RF receiver. Electron. Lett. 2008, 44, 1006-1008. 

105. Song, Y.-K.; Stein, J.; Patterson, W.R.; Bull, C.W.; Davitt, K.M.; Serruya, M.D.; Zhang, J.; 
Nurmikko, A.V.; Donoghue, J. P. A microscale photovoltaic neurostimulator for fiber optic 
delivery of functional electrical stimulation. J. Neural Eng. 2007, 4, 213-218. 

106. Park, J.H.; Pieribone, V.; Kim, D.; Verhagen, J.V.; von Hehn, C.; Culurciello, E. High-speed 
fluorescence imaging system for freely moving animals. In Proceedings of IEEE International 
Symposium on Circuits and Systems (ISCAS'09), Taipei, Taiwan, May 2009; pp. 2429-2432. 

© 2011 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article 
distributed under the terms and conditions of the Creative Commons Attribution license 
(http://creativecommons.Org/licenses/by/3.0/). 



